We empirically investigate the relation between daily activity in the underlying stock and option liquidity for firms included in the German DAX index and with options traded on the electronic exchange EUREX. By means of regression analyses we identify the major determinants of transaction-based and order-based option liquidity. We find that the transaction volume of the underlying stock is indeed a major determinant of transaction-based liquidity in the options market, whereas contrary to standard intuition, return volatility does not consistently exhibit a significant impact. On the other hand short-term measures of uncertainty, represented by the positive and negative parts of stock returns and their lagged values, are important explanatory factors. Orderbased liquidity seems to be harder to model than transaction-based liquidity. The negative return part is a common factor influencing both spread and depth variables, while volatility overall significantly increases option market depth. As an important contribution to the empirical literature on option market liquidity, we provide separate regressions for buyer and seller initiated transactions. It becomes clear that especially the relation between stock returns and transaction-based liquidity is asymmetric with respect to option purchases and sales. Call purchases increase with positive returns and decrease on days with negative returns, while put purchases behave exactly the opposite way. However, both call and put sales increase on days with large positive or negative returns.
Introduction
As a consequence of the liquidity crisis on the world asset markets in the fall of 1998, it was widely recognized that the absence of sufficient market depth can have a serious impact on the risk of a portfolio. Most of the attention in finance research has been devoted to the liquidity of stock markets, as for example in the papers by Subrahmanyam (2000, 2001) and Chordia, Shivakumar, and Subrahmanyam (2001) .
However, especially for the purpose of a well-functioning risk management, the liquidity of derivative markets is also of crucial importance. The existing empirical literature on option liquidity mostly deals with intraday variations in bid-ask spreads and analyzes the relations between spread and trading volume or spread and market depth. For example, Vijh (1990) investigates the impact of information-based trading (represented by large trades) on the liquidity of CBOE stock options and compares it with results for NYSE stocks. He finds the CBOE to be a highly liquid market, in the sense that large trades can be absorbed without a major change in the prevailing price. This finding is explained by the large number of dealers competing on this market. George and Longstaff (1993) examine the cross-sectional distribution of bid-ask spreads and trading activity for S&P 100 index options. They focus on the determinants of the spread as the cost of immediacy and on the relation between spreads and trading activity, the latter being measured by the number of trades or trading volume. Their results indicate that trading activity and spreads are simultaneously determined and inversely related to each other. Chan, Chung, and Johnson (1995) study the intraday pattern of bid-ask spreads, volume, and volatility of CBOE stock options and NYSE stocks and try to relate these patterns to the predictions of market microstructure models.
Another group of studies on the activity of option markets, which consider the transaction-related liquidity (also often related to as trading activity), generally analyze whether option trading has an impact on stock trading. The main research question here is whether stock markets lead option markets or vice versa, i.e. whether there are lead or lag relations between stock and option prices. Examples for this kind of studies are the papers by Anthony (1988) , Stephan and Whaley (1990) , Chan, Chung, and Johnson (1993) , Easley, O'Hara, and Srinivas (1998) , and Chan, Chung, and Fong (2002) . These studies (except Anthony (1988) ) analyze both option and stock trading on intraday basis, but they do not consider whether certain characteristics of the underlying asset or the overall market have an impact on changes in liquidity. Mayhew, Sarin, and Shastri (1999) are the first to examine whether the magnitude of the daily order flow in options is related to the characteristics of the underlying stock. They consider three liquidity proxies (trading volume, the dollar value of trades, and the number of option transactions) and use the stock price, volatility, the number of shares traded, the percentage ratio of the stock's bid-ask spread over market depth, firm size, and the number of analysts as explanatory variables. They find the stock price, volatility, and the trading volume of the stock to have a positive influence on option liquidity, whereas an increasing spread-to-depth ratio for the stock tends to reduce liquidity on the option market. From a methodological point of view, one might criticize that they run cross-sectional regressions, but then average the coefficients across time, so that any time-series variation in trading activity is smoothed out.
Their descriptive statistics indicate that there are differences between companies with more or less actively traded underlyings. However, their regression equations do not contain any variables that could control for these effects. Finally, no distinction is made between calls and puts, which implicitly introduces the assumption that the two types of options behave more or less identical.
The liquidity measures employed by Mayhew, Sarin, and Shastri (1999) , i.e. so called trading activity proxies, incorporate only the aspects of liquidity related to transaction flow and not the one related to the order flow (which could be measured by variables like spread or market depth).
Both daily movements in liquidity and trading activity have been analyzed intensively for stock markets. The lack of corresponding study for option market has been a major motivation for our paper. Chordia, Roll, and Subrahmanyam (2001) find that stock liquidity, measured by spread and depth, plummets significantly in down markets but increases only weakly in up mar-kets and that a higher market-wide volatility decreases both trading activity and spreads over subsequent periods. The authors also document strong day-of-the-week effects, with Fridays exhibiting the lowest and Tuesdays the highest liquidity. Chordia, Roll, and Subrahmanyam (2000) also document the existence of commonalities in liquidity, i.e. individual stock liquidity tends to co-move with market and industry liquidity. Furthermore, industry (market) trading volume has positive (negative) influence on the spread measures indicating an increase in asymmetric information due to informed traders (a reduction in inventory risk from greater market-wide trading activity, probably by uninformed traders). Chordia, Shivakumar, and Subrahmanyam (2001) analyze whether absolute individual stock and market returns (serving as proxies for new information)
have an impact on changes in liquidity and find that higher absolute stock returns tend to increase spreads. Bessembinder, Chan, and Seguin (1996) Most of the analyses for equity markets have not yet been performed for equity option markets. The importance of derivative markets, however, makes it necessary and desirable to gain a better understanding of the factors driving liquidity on these markets as well. We offer several significant improvements compared to the existing empirical literature. As mentioned briefly above, most authors use the notion of trading activity when referring to traded share volume, traded value volume and number of transactions, whereas of liquidity when referring to spread and depth. Some authors, however, use the mentioned trading activity variables as liquidity proxies. This obviously shows that there is no definite liquidity concept, which motivated us to make a clear distinction of measures related in the literature to either trading activity or liquidity, or even both. We therefore use liquidity as the general term referring to all of the above measures. However, we explicitly distinguish between transactionbased and order-based liquidity. The former is related to volume and number of transactions, while the latter refers to spreads and depth. It turns out that this distinction is important not only from a conceptual point of view, but also when it comes to the significance of certain explanatory variables in the regression models introduced below.
We also focus on the relation between stock and option liquidity measures, which represents some form of underlying and derived liquidity, paralleling the approach taken by Chordia, Roll, and Subrahmanyam (2000) , who find some commonality market and stock liquidity, and following the Mayhew, Sarin, and Shastri (1999) results. Given the existing evidence that stock market liquidity plummets in down markets but increases only slightly in up markets, as shown by Chordia, Roll, and Subrahmanyam (2001) , and given the notion of option as hedging instruments motivates the separate analysis of different option types.
The question also arises whether different measures for option volume behave differently. For example, one might expect that purchases of put options occur more frequently during down markets to provide investors with instruments for portfolio protection. On the other hand, one might argue that more calls might be bought during up movements of the stock due to the higher leverage in the option compared to the underlying, which makes the option more attractive to informed investors. This makes it worthwhile to analyze the impact of positive and negative stock returns separately. Furthermore, strong day-of-the-week effects have been found for most stock markets around the world. If option liquidity is to depend on stock liquidity, such effects might be expected for option markets as well. At least, since we are not interested in option liquidity behaviour of individual companies, but of the option market as a whole, we perform a panel analysis. However, we additionally group the firms into four subsamples, depending on a level of transaction-based option market liquidity.
Our analysis leads to the following key results. Both the number of option contracts traded and the number of option transactions are overall positively associated with stock trading volume, whereas we do not obtain such clear results for the option volume measured in Euros and for the various order-based liquidity measures. This seems to indicate that the relation between option and stock transaction-based liquidity is closer than the one between option orderbased and stock transaction-based liquidity. We analyze the relation between stock and option transaction-based liquidity in more detail by considering first the total amount of call and put liquidity and then purchases and sales separately. It becomes clear that it is necessary to study the different types of options and the different types of transactions separately, since the coefficients in the regression equations differ systematically between puts and calls as well as between buyer and seller initiated transactions. For example, call purchases and put sales, which are generally viewed as substitutes for each other, show distinctly different sensitivities to signed stock returns. Another interesting result is the response of order-based liquidity mostly to the negative return part and in a direction opposite to the one found for transaction-based liquidity, which again confirms a need to separately investigate different liquidity proxies.
The rest of this paper is organized as follows. In section 2 we present the regression model used in our empirical tests. A description of the associated data is contained in section 3. The results of our empirical investigation are presented and discussed in section 4. Section 5 contains some concluding remarks.
Regression Model

General Setup
As mentioned in the introduction, the purpose of this paper is to assess the empirical relation between option liquidity and stock market activity. We analyze the largest and most frequently traded companies in the German market, however we are not interested how each company's option liquidity responds to the underlying market, but in a general picture of option market liquidity behaviour. Still, simply pooling the data without considering any individual effects among firms would bias the results, especially since the daily trading level of the firms (such as total daily volume and number of daily transactions) substantially differs in both the stock and the options market, as will be shown below. We therefore conduct a panel study, whereby we use a model with fixed effects to control for differences in levels, i.e. for unobserved heterogeneity. It further seems natural not to assume only one type of relation between the two markets for all the stocks in our sample, i.e. not to restrict the coefficients to be the same across firms. This means that the process governing the relation between option liquidity and certain exogenous variables is probably not exactly the same for each firm, though one would expect its overall direction to be the same. In order to consider the possible heterogeneity not only in the levels of the dependent variable, but also in the impact of the independent variable, we additionally group the firms into four categories according to their number of average daily option transactions, i.e. trading frequency, and run separate regressions for each category. As our results will later show the option-stock relation is indeed homogeneous within the respective categories.
When choosing proxies to measure option liquidity, we try to capture different dimensions of liquidity. On the one hand we are interested in the orderrelated dimension of liquidity, e.g. in the potential round-trip transaction costs for a certain position (the spread) or in the depth of the order book. On the other hand, we also want to investigate the trade-related aspect of liquidity, as measured by the frequency and size of actual transactions. We therefore explicitly distinguish throughout this study between these two dimensions of liquidity and refer to them as order-based and transaction-based liquidity, respectively.
The generic regression equation relating option market liquidity and stock market activity is then given as follows: The three transaction-based quantities in our study are the same as those employed by Mayhew, Sarin, and Shastri (1999) . The order-based liquidity measures are similar to those employed in previous studies, e.g. in Chordia, Roll, and Subrahmanyam (2000) and Chordia, Shivakumar, and Subrahmanyam (2001 Before describing the explanatory variables in equation (1), we would like to briefly discuss the expected relation between the different liquidity measures. Since the spread expresses the cost of transacting, the lower these costs the higher liquidity. Greater depth implies higher liquidity since more order flow impact can be absorbed without having a price impact. Admati and Pfeiderer (1988) define the expected effective spread paid by liquidity traders to be equal to λ, with the reciprocal of λ representing market depth as in Kyle (1985) . Furthermore, the heavier the trading in an asset (expressed by transaction frequency or volume) the higher its liquidity. All this implies a negative (positive) relation between trading-and order-based liquidity, when the latter is measured by spreads (depth). A negative relation between volume and bid-ask spread is also documented both theoretically and (on a daily basis) empirically for the stock market by Foster and Viswanathan (1990) and (1993), respectively. To simplify the interpretation of our results for order-based liquidity, we multiply our spread proxies by −1. Thus, a positive impact of an explanatory variable is to be interpreted as increasing both transaction-and order-based liquidity.
The variable α i is the firm-specific constant term describing individual firm effects in the respective category. The number of firms varies between the four groups and can be found in table 1. SV it is stock trading volume in shares.
Eurex options are not only traded on the exchange, but also over the counter.
To take this trading activity off the exchange into account we include the previous day OTC volume OT C it−1 (measured in contracts), which is also reported in the files provided by Eurex. R
is the positive (negative) part of the logarithmic stock return R it on day t, i.e. R V t represents the market volatility measure on day t, computed as the standard deviation of the CDAX return over day t and the preceding 19 trading days. The CDAX index reflects the performance of the overall German equity market. We employ market instead of stock volatility, since we find individual stock volatility and trading volume to be highly correlated (with an average correlation coefficient around 0.7). Since in our sample market volatility is not very highly correlated with stock volume, but with stock volatility, it can serve as a good 'instrument' for this latter variable, but also as a variable describing an overall market impact. The variables DoW jt represent dummies for the day of the week with Friday as the reference day (with DoW 1t being equal to one, if day t is a Monday, zero otherwise, and so on for Tuesday, Wednesday, and Thursday).
In recent papers analyzing similar issues for stock markets, the market or industry trading activity and market returns have been important determinants of stock liquidity. One may wonder why these quantities are not included in our regression models. We find, however, individual stock returns and stock volume to be highly correlated with market returns and market or industry volume, respectively. The inclusion of these variables would simply cause multicollinearity problems in our regressions.
We now briefly discuss some econometric issues related to the estimation of the model in (1). The lagged dependent variable is included on the right hand side, since an analysis of the time series properties of option liquidity indicates autocorrelation in all variables, mostly of order one. However, including the lagged dependent variable in (1) leads to a dynamic panel model, which may represent a computational hurdle. Employing the usual within fixed-effects estimator on dynamic panels would yield biased estimates, since the lagged dependent variable is correlated with individual effects α i , as intensively discussed e.g. in Baltagi (2001) . However, this bias is neglectable if the T is large, which is the case for our sample, so we keep the lagged dependent variable in our model.
We also account for variability across companies, since one would expect the variance of the residuals to vary across firms. We indeed find this to be true.
Allowing for such variation results in the groupwise heteroskedastic model. However, the variances are rarely known, so their estimation is required. To estimate the model in (1), we therefore employ a Feasible Generalized Least Squares (FGLS) using a two-step Maximum Likelihood (ML) estimation, as shown e.g. in Greene (2003) .
Among the previous studies of stock market liquidity Chordia, Roll, and Subrahmanyam (2000) also include both time-series and cross-sectional effects.
Yet, the authors analyze percentage changes and report only average coefficients for their explanatory variables, since they are mainly interested in the direction of the impact of the independent variables on liquidity. In their option market liquidity analysis Mayhew, Sarin, and Shastri (1999) first present tables with descriptive statistics for liquidity of four groups of stocks separately.
In the regressions, however, they pool the data and perform only one crosssectional regression in logs without considering dynamic effects. In contrast to these studies, we are interested in determining the absolute 'amount' of liquidity in the options market, and we try to found out whether any differences arise between the four categories of firms.
Stock market impact: Predictions
The volume of the underlying stock is the most natural candidate as a determinant of option market liquidity. One can think of several hypotheses concerning the relation between stock volume and option liquidity. Increasing 'interest' in a certain stock could imply an increasing trading activity for the option, for example due to hedging needs of market participants. This would imply a positive relationship between the two variables. On the other hand, trading in options could also serve as a substitute for stock trading, since basically a share of stock can be dynamically replicated via a trading strategy involving an option and the risk-free investment. A motivation for such a strategy could be lower (absolute) transaction costs in the option market or short-selling constrains in the stock market. This kind of substitution trading would in turn imply a negative relationship between stock and option volume. Finally, concerning implicit transaction costs, for stocks with larger trading volumes significant information asymmetries are less likely, which could lower option spreads, resulting in an increase in ordered-based option liquidity. Since there are obviously competing theories, the direction of the relation between the two markets has to be investigated empirically.
The inclusion of OTC trades in the regression equation, which represents an innovation in our analysis compared to the existing literature, should help to gain insight into potential information asymmetries. If a large OTC volume is associated with higher liquidity on the exchange, then we can assume that market participants consider a large volume off the exchange as an indication of low informational asymmetry, and vice versa. On the other hand, a negative sign for the OTC variable would indicate more pronounced adverse selection problems in the options market. The above argument may be valid especially for spreads, which also reflect adverse selection cost. Following an argument derived by Kyle (1985) where (informed) trades generate additional information, OT C option volume should increase informational efficiency and thus reduce information asymmetry, which should increase liquidity.
Contemporaneous and lagged stock returns are included as explanatory variables in equation (1), since we assume option trading to be related to the price changes observed for the stock. Especially, since the option price Volatility is also a plausible candidate for an explanatory variable in our regression model. The level of (market) volatility should be positively related to the amount of hedging activities, and hence it is expected to increase option liquidity, especially transaction-based. It is therefore important to investigate total and signed transaction-based liquidity separately, since the insurance argument may be more valid for put purchases and call sales than for put sales and call purchases. In their strategic and competitive model of trading Admati and Pfeiderer (1988) predict that expected trading costs (i.e. expected effective spread) are low when trading volume and volatility are high, while in the model of Foster and Viswanathan (1990) effective spreads are low when volume increases but volatility decreases. Foster and Viswanathan (1993) , however, do not find a significant interday stock volume-volatility relation, while Chordia, Roll, and Subrahmanyam (2001) find that market volatility decreases stock market spreads as well as volume and trading frequency.
Since we analyze the relation between stock and option markets on a daily level, it also makes sense to account for systematic seasonal patterns like dayof-the-week effects. The day-of-the-week dummies for Monday until Thursday are therefore included in our regression model. The Foster and Viswanathan (1990) model implies that spreads (i.e. trading costs) are highest on Mondays, whereas trading volume is lowest. This is due to the market being closed over the weekend, which causes the information advantage of the informed traders to be greatest on Monday, since they receive information throughout the week and thus on weekends as well. When information is revealed publicly (which can happen only when the exchange is open) and uninformed liquidity traders can avoid trading when adverse selection costs are most severe (i.e. on Monday), trading will be concentrated from Tuesday on. Foster and Viswanathan (1993) find empirical evidence of lower spreads and higher volume on Tuesdays for most actively traded stocks in the market. This systematic variation in liquidity measures across the days of the week is also confirmed by Chordia, Roll, and Subrahmanyam (2001) with highest liquidity, both transaction-and orderbased, on Tuesdays. However, Mondays have second highest liquidity according to trading frequency and quoted spreads, while Fridays exhibit the lowest.
Data
Our sample consists of data for 22 firms for the year 2001. Over the sample period the firms were included in the DAX index, the major index of the German stock market. The associated options are traded on the fully electronic exchange XETRA. This group of firms represents a cross-section of all major industries, so that the regression results should not suffer from a systematic industry bias. The companies are generally those with the highest daily option trading frequency and the highest trading volume among all firms with options listed on EUREX. Still, as shown in table 1, there is considerable variation in both option and stock market liquidity among these firms. The firms are ranked according to average call trading frequency, where the average daily trading frequency ranges from around 325 trades to less than five trades for calls, and from around 300 trades to less than four for puts.
It is obvious that the transaction-based liquidity measures in the stock and in the option market are positively but not perfectly correlated. Similarly, the Euro option trading volume is not exactly in line with the number of option trades and the number of option contracts traded for both puts and calls.
Percentage option spreads seem to decrease with increasing transaction-based liquidity. Absolute spreads, however, do not exhibit much systematic variation across the four groups of firms firms for neither calls nor puts, a first hint that it might be harder to link these liquidity measures to stock market volume than option volumes. The same is true for the depth variable, which does not seem to vary monotonically with respect to option volumes and transaction frequency. A look at the averages of cross-sectional correlations between the different liquidity measures supports the expectations that some findings might be contrary to standard intuition. There is a weak correlation between spreads and transaction-based liquidity proxies, like shown in table 2. Furthermore, these coefficients are not overall negative and thus not in accordance with expectations. The same also holds for the relation between percentage spread and depth, where positive coefficients are recorded for both calls and puts.
As indicated above, the panel model in (1) is not estimated with the whole set of firms in one regression. We rather divide the total sample into four categories according to the option transaction-based liquidity for the respective stocks. The choice of four categories according to the average number of daily option transactions and the daily average number of option contracts traded given in table 1 seems very plausible. DBK, DCX, and SIE are the firms with the most actively traded options. There is a considerable gap in terms of trading activity between these three companies and the rest of the sample, so it appears reasonable to view them as a separate group and divide the rest in thirds. While in the first group more than 180 option transactions are observed for both puts and calls on an average day, we observe only between table 1 is according to call transaction frequency, however, the four categories remain unchanged when the ranking is done based on put transaction frequency. The firm dummies are included in our regression model to control for exactly this firm-specific variation in the overall level of option liquidity.
In section 4 we will put special emphasis on a comparison of the results for the four transaction-based firm categories. The aim is to see whether the different levels of option transaction-based liquidity imply different types of relationships between stock market activity and option market liquidity. For example, in a study for NYSE stocks Cheng, Gopinath, and Krishnamurti (2002) find that an increase in trading volume has different effects on the liquidity of a stock, depending on its market capitalization. In an analogous fashion we investigate whether the impact of stock market activity on the option market depends on the option liquidity level of the firm.
We employ the following filtering criteria to our data set. We exclude for all companies the third Friday in the months March, June, September and December, since these days are the so-called 'triple witching' days when equity options, options on the DAX index, and futures contracts on the DAX expire simultaneously. Since index futures, index options, and stock options are hedged with stock positions, these stocks must be liquidated on expiration days, unless they derivative contracts are rolled over into the next maturity.
Our observations of an unusually high trading volume in the stock market on those days are in line with the findings of Stoll and Schlag (1996) .
Although there is evidence of unusual stock market activity on or around dividend declaration days, as showed e.g. both theoretically and empirically by Michaely and Villa (1995) , their exclusion did not significantly influence our results. The same also holds for the time period around September 11, although some evidence of unusual option transaction-based liquidity has been found for the U.S. markets by Poteshman (2003) . The only exclusion regarding this special event concerns the airline company LHA on September 12, where the traded stock volume was several times larger than usual. Furthermore, we find for some stocks very unusual activity related to certain events in 2001 (e.g. Bayer's problems concerning the anti-cholesterol drug Lipobay). Those days are also excluded from the sample for the particular stocks.
Empirical Results
Transaction-based liquidity 4.1.1 All Trades
The results for our option transaction-based liquidity regressions are presented in table 3. The first important finding is that the trading volume of the stock has a significant and positive impact on the number of option transactions for all four groups of firms and both types of options. So more active trading in the stock seems to generate additional interest in the corresponding options, which is in line with results of Mayhew, Sarin, and Shastri (1999) and might suggest intensive hedging activity in the option market. The OTC volume of the previous trading day also has a positive influence on the number of option transactions. According to our above conjecture, an increase in this OTC volume seems to be taken as an indication of rather less than more informational asymmetry, which causes an increase in option liquidity. The The pronounced difference between call and put response to signed returns is somewhat surprising, since in models like Easley, O'Hara, and Srinivas (1998) only call purchases are expected to increase with positive returns, while call sales should increase with negative returns. A similar point can be made for put sales and purchases, respectively. Therefore, a separate analysis of signed number of transactions/volume for both puts and calls is necessary for a better understanding of these findings (see section 4.1.2 below).
There are some significant day-of-the-week effects for calls, except for the lowest liquidity group. The reference day is Friday so that positive coefficients indicate a larger number of transactions during the week. Mondays usually exhibit higher call transaction-based liquidity, whereas for puts this effect is only observed in the highest liquidity group. There is also higher liquidity for calls on Tuesday and Thursday in the highest group, but the coefficients are slightly lower than for Mondays. These results are not in perfect accordance with the findings by Chordia, Roll, and Subrahmanyam (2001) for stock markets, since they find on Fridays transaction-based liquidity to be usually significantly lower than during the rest of the week, while they observe the highest liquidity on Tuesdays. Higher Monday option liquidity might occur due to cumulation of information over the weekend, which then gets incorporated in the trading at the beginning of the week. Our result now contradicts the result of Foster and Viswanathan (1990) model, where intensive trading starts from Tuesday on, since on Monday only informed traders trade. Their result is, however, based on the assumption that public information is not revealed over the weekend, which may not hold in reality.
The basic level of option liquidity is significantly different between the firms belonging to a given category, since many firm dummies are significant. We do not report these dummies here (and also not in the following tables) to save space. The R 2 s for the different regressions are very satisfactory, ranging between 60 and 89 percent, and the explanatory power of the regressions seems to improve the higher the level of liquidity. Especially the significant firm dummies contribute to high explanatory power.
The findings for option volume (measured by the number of contracts traded) and Euro volume are structurally very similar to those for number of transactions and therefore not reported. Volatility, however, has an even weaker explanatory power here than for the number of transactions. Thus, short term signed returns representing stock market uncertainty in the very short run seem to be the most important drivers of option and Euro volume.
There is again a consistent impact from stock volume on both measures, as well as from the previous day's OTC volume. As in the case of the number of transactions, there is also significant positive autocorrelation found, although to a slightly lesser degree. There are few day-of-the-week effects mostly for
Mondays and/or Thursdays, with consistently positive coefficients. The R 2 s for option volume are only slightly lower than for number of option transactions, while for Euro volume they amount only between 30% and 60% for calls and 20% and 30% for puts. In contrast to this Mayhew, Sarin, and Shastri (1999) find similar explanatory power for all three trading activity proxies.
In summary, one can say that option transaction-based liquidity is closely related to stock market activity. Both the number of option contracts traded and the number of option transactions can be explained rather well by stock trading volume, the signed stock return and its lagged values.
Buyer initiated trades vs. seller initiated trades
After the general analysis of transaction-based liquidity, we will now go into more detail by looking at buyer and seller initiated trades separately. The coefficients for stock volume and OTC volume in tables 4 and 5 are very similar for both option purchases and sales. The first-order autocorrelation in signed liquidity is significant, as expected. The day-of-the week effects in the call market are mostly due to the buy side, while they almost vanish for the puts.
Volatility is still of minor importance when it comes to explaining buying or selling activity in the call option market. The negative and significant volatility coefficient in the highest liquidity category from table 3 remains significant for both purchases and sales, but more pronounced for sales. The volatility impact on put transaction frequency stays significantly negative for both put purchases and sales, where the impact on purchases exceeds that on sales in absolute terms. Only in the second highest liquidity category the impact is not significant for put sales. In general, an increase in volatility reduces put liquidity, irrespective of the transaction type.
It is, however, interesting to see how the coefficients of the return variables from It may seem as an additional source of income to some market participants to write puts in a market characterized by rising stock prices, which might then increase put sales. The coefficients for R + and R + −1 are also significant for put purchases in all the four panels of the regression, although with a negative sign. Thus, portfolio insurance activities seem to be reduced when stock prices rise, which is in accordance with expectations.
Negative returns (current and lagged), which mostly determine total put trading activity, increase both put purchases and sales, with a slightly stronger impact on purchases. If we regard call buying and put selling as substitutes, then the increased number of seller initiated put transactions on and after days with negative returns is in contrast to the analogous result for calls, as can be seen from the significantly positive coefficients for R − and R − −1 in table 5. The response of put purchases and call sales to negative returns is in the same direction, thus in accordance with expectations, and represents most likely portfolio insurance transactions or, more generally, the generation of extra income in falling markets. More market participants will feel the need to buy protection when stock prices are falling.
In general, call purchases increase with positive and decrease with negative returns, while put purchases increase with negative and decrease with positive returns. Thus, option purchases react asymmetrically to signed returns. Of course, one would expect such an asymmetric behaviour for call and put sales, but with opposite signs. Especially in the literature analyzing the possibility of informed trading on options markets, such as Easley, O'Hara, and Srinivas (1998) , traders with positive private information are basically assumed to be indifferent between buying calls and selling puts. Similarly, traders who have received a signal indicating falling stock prices will either sell calls or buy puts. However, as we find in our sample, puts sales are not only increasing on or after days with bad news (i.e. with negative returns), but on or after days with positive returns as well. Call sales also increase irrespective of the direction of the stock price change. The increase of both put sales during downward stock price movements and of call sales on days with upward stock price movements imply stronger selling activities while option prices are rising.
Thus, some market participants tend to realize their profits when option prices increase.
Furthermore, our regression results also indicate a certain preference by market participants for trading calls instead of puts on days with positive returns, since the number of call purchases increases considerably more than the number of seller initiated transactions for puts. Although we here only present the results for number of signed option transactions, similar results are also obtained in regressions for signed option volume.
Order-based liquidity 4.2.1 Spreads
We now turn to the analysis of option order-based liquidity. The reader should keep in mind that spread variables are multiplied by −1 to allow for a consistent interpretation regarding an increase or decrease in liquidity throughout the study. For all order-based liquidity measures the firm dummies are generally significant (but not reported). Table 6 contains the results for percentage option spreads. The day-of-theweek is a more important explanatory factor for percentage spreads than for the other variables analyzed so far. We find significantly positive coefficients for the dummies in all groups except the one with the lowest trading activity. Thus, the liquidity is highest at the beginning of the week, again in accordance with Chordia, Roll, and Subrahmanyam (2001) , who find for all proxies significantly higher Monday to Thursday order-based liquidity, but contradicts the model of Foster and Viswanathan (1990) .
The only variable that overall exhibit significant impact is lagged dependent variable with positive coefficient. Increasing stock volume decreases orderbased liquidity, but not overall significant. This seems somehow counterintuitive, since increasing stock volume increases option transaction-based liquidity, so the opposite sign would be expected. The inverse behaviour of transactionand order-based liquidity is found in market microstructure theory in models describing behaviour of agents with asymmetric information. Market makers tend to increase spreads, i.e. decrease order-based liquidity, when they fear trading with informed traders, although the trading volume may be substantial.
Both the positive and the negative part of stock returns seem to have a significant impact on percentage spreads. Surprisingly, the signs of these variables and their lags differ between calls and puts. For calls the overall significant coefficients indicate increasing liquidity on or after days with positive returns and decreasing liquidity on or after days with negative returns. For puts, on the contrary, negative returns (current and lagged) increase put liquidity, with or after arrival of bad news. Positive returns even decrease put liquidity in the highest trading activity category, but increase it in the two lowest ones. Therefore, in summary, bad news decrease call, but increase put liquidity, whereas good news increase call liquidity and either increase or decrease put liquidity, depending on the overall level of option trading activity. A possible explanation for this seemingly paradoxical result is that on days with positive returns the trading frequency for some puts decreases (as shown by negative but not significant coefficient for R + in highest liquidity group in table 3), what might increase spreads. Analogously, negative returns increase put trading frequency (as can be also seen in table 3), which could in turn lead to lower percentage spreads. Volatility has absolutely no impact on percentage spreads, thus, only short-term information reflected in current and lagged returns seems to move spreads.
The results for option spreads measures in Euros are comparable to those for percentage spreads, but not reported to save space. However, the explanatory power of the regressions is lower than for percentage spreads and mostly decreasing with increasing transaction-based liquidity level of the categories.
Stock volume again decreases order-based liquidity, but mostly for puts, while for calls only in the highest trading category. Such opposite behaviour to transaction-based liquidity is also found for Mondays in the highest put trading activity category, with significantly lower order-and higher transaction-based liquidity. Actively traded calls do exhibit higher liquidity on Tuesday which corresponds to the result of Admati and Pfeiderer (1988) .
In contrast to the results for percentage spreads, only the negative part of the return seems to have a significant impact on Euro spreads, although without a systematic pattern. The impact is for both calls and puts negative, thus, downward stock price movements decrease option market liquidity. This now points towards an asymmetric perception of risk by market participants, since otherwise one would expect to see also significant coefficients for positive returns as found above. We further observe more lagged than current return impact indicating that order-based liquidity needs more time to adapt to new information. Volatility decreases liquidity, as Admati and Pfeiderer (1988) predict, but does so only in the two middle call categories and second highest put category. Still, there is again no consistent pattern for the impact of this variable. In general, option liquidity measured in both percentage and Euro spreads seems less predictable given underlying market activity than the number of option transactions or the number of option contracts traded.
Depth
The volatility variable, which did not contribute much to the explanation of liquidity so far, has a significant impact on put depth as shown in table 7.
This result is in accordance with Admati and Pfeiderer (1988) , who show that, if all informed traders observe the same signals, expected trading costs, defined as reciprocal to depth, are low when volatility is high. The intuition behind their result is that the increased number of informed traders increases volatility, since more information is revealed, but it simultaneously increases market depth due to competition among these informed traders.
Option depth exhibits positive autocorrelation, but with less intensity than found for other liquidity proxies. There is again no consistent pattern for the stock return impact, except in the lowest liquidity category, where current positive returns increase depth. Thus, higher uncertainty in the short run seem to have no impact on option depth. Stock volume has significant positive impact on put depth (except for the second highest category), while on call depth only for less traded companies. Increasing OTC option volume, which showed a sig-nificant impact on transaction-based liquidity variables, also increases depth.
Although we measure order-based liquidity with three different proxies, our evidence is in general not in accordance with expectations. For example, while volatility sometimes decreases liquidity measured by Euro spreads, it increases liquidity measured by depth (which is normally inversely related to spread).
Especially since option transaction-based liquidity is found to be decreasing in volatility, decreasing depth should be expected as well. The analogous result is found for the impact of stock volume, which decreases order-based liquidity in terms of spreads, but decreases this type of liquidity when it is measured by depth. The fact that option order-based liquidity is harder to explain than transaction-based liquidity represents a difference between option and stock markets. Chordia, Roll, and Subrahmanyam (2001) show that positive market returns tend to increase order-based stock liquidity for all proxy measures, while negative market returns cause exactly the opposite effects. As our results show, positive returns have only a weak impact on our order-based liquidity variables, compared to negative ones, as already discussed above. The volatility proxy employed by Chordia, Roll, and Subrahmanyam (2001) has a significantly positive impact on stock liquidity measured by stock spreads, though no impact when measured by depth. For the option market in our sample things look slightly different. Liquidity measured by depth increases with increasing market volatility, whereas we observe the opposite effect when liquidity is measured by Euro spreads.
Differences between liquidity categories
We now compare the regression results for the different liquidity categories.
The purpose of running separate regressions for the four liquidity categories has been to see whether the pure level of option transaction-based liquidity impliesdifferent types of relations between stock market activity and option market liquidity. As one can see in tables 3 to 7, the signs of the coefficients are usually the same across the four liquidity groups. Still, the absolute impact of the right hand side variables indeed clearly differs across the categories.
In the transaction-based liquidity regressions (table 3) , the higher the level of option market activity the higher the impact of stock volume on liquidity.
The impact on the number of option transactions does not exhibit such regular pattern with lowest impact on the second highest liquidity group. The impact of stock volume for the highest liquidity group is generally three to four times higher than that for the lowest liquidity category. Similar patterns are also found for OTC volume, but here the coefficients do not differ as much. Qualitatively similar effects are observed when signed volumes are analyzed. The absolute size of the coefficients for positive and negative stock returns (and on their lagged counterparts if significant) always increases monotonically with increasing option liquidity level. The estimated are usually about up to ten times higher for the highest liquidity group than for the lowest.
Since the explanatory power of the stock market activity regressor is less pronounced for order-based liquidity regressions, there are only few systematic patterns across the four groups. The stock volume coefficients for liquidity measured by Euro and percentage put spreads, with overall negative signs, decrease with increasing liquidity level. The same also holds in most cases for the return coefficients and all the order-based liquidity proxies. Only the volatility impact, if significant, is generally stronger for firms with higher level of option transaction-based liquidity. The weaker response of the option liquidity of highly traded firms to stock volume impact leads to the conclusion that these liquidity measures may be interpreted as a characteristic or essential part of these firms. One may argue that accounting for the order-based stock liquidity (which is unfortunately not available to us) on the right hand side of (1) could capture more variation in order-based option liquidity measures. However, evidence on stock market liquidity shows that most explanatory variables (usually related to total market activity) generally have same the directional impact on both transaction-and order-based liquidity proxies. Thus, both types of stock liquidity exhibit sufficient time-series variation to have a systematic relation to stock volume. We might therefore argue that, if there is a weak variation of option order-based liquidity with respect to stock volume, the same might are found to be positive (negative) and about 0.3 (between −0.05 and −0.14).
Thus, it seems at least questionable whether additional information on stock order-based liquidity measure would have better explained the variation in the corresponding option liquidity variables.
Robustness of the Results
We would like to shortly comment on two econometric and computational issues regarding the estimation procedure. First, by running a regression equation as in (1) with firm dummies, we account for heterogeneity in levels among firms, but we assume that the relation between dependent and independent variables is same across firms. Thus, we assume homogeneous regression coefficients.
We check out these assumptions for each of the four liquidity categories with a seemingly unrelated regression estimation(SURE). We then test (separately for each group) whether the newly computed regression coefficients differ significantly among the firms. Hypothesis testing show that there is in most cases no statistically significant difference among coefficients. In some cases the hypothesis is rejected for certain regressors, but usually only due to one firm outlier, which again differs across regressors. For example, in the second highest liquidity group the equality of coefficients is only rejected for variable representing stock volume due to significantly higher ALV coefficient, while in the highest liquidity category only the volatility coefficient is significantly lower for SIE.
Since the purpose of this study was to get a general picture of how option market liquidity behaves, but not of each firm separately, such weak rejection of homogeneity among SURE coefficients allows us to pool the data and to assume homogeneous regression coefficients across the four groups.
Our second comment regards the inclusion of the lagged dependent variable on the right hand side of the regression model. This leads to a slight bias in a panel context, which can be neglected if the T is large as in our case. To remove this bias, one can alternatively test the model in (1) by excluding L it−1 and adding instead autocorrelation in the error term. We found our results to be practically unchanged when we employ this alternative approach. Therefore, we keep the lagged dependent variable, since the evidence of autocorrelated liquidity variables leads us to conjecture that the model defined as in (1) is 'more correct' than the above mentioned alternative.
Summary and Conclusion
While liquidity of stock markets has been at the focus of a large body of literature, options markets have not received as much attention. Only recently researchers have started to investigate this issue in more detail. This paper adds to this strand of the literature by analyzing the relation between daily option liquidity on the one hand and stock market activity on the other. We study a sample of German firms included in the DAX index and with stock options listed on the derivatives exchange EUREX.
Since the concept of liquidity is very broad, we explicitly differentiate be- The reported values are daily averages. OT represents the number of option transactions, OV is option volume in number of contracts, OEV is option volume in Euro, S is the option spread in Euro, P S is the spread in percent of the midpoint quote, D is depth, and SV is stock trading volume in shares. The firms are sorted by the number call of option transactions. SV is measured in millions of shares, while OT C in contracts. All return variables as well as volatility entered the regressions as percentage numbers. Firm dummies are not reported. P S is measured as spread relative to the midpoint quote and multiplied by −1. SV is measured in millions of shares, while OT C in contracts. All return variables as well as volatility entered the regressions as percentage numbers. 
